Vietnam has a long history and experience with floods. Flood risk is expected to increase further due to climatic, land use and other global changes. Can Tho City, the cultural and economic center of the Mekong delta in Vietnam, is at high risk of flooding. To improve flood risk analyses for Vietnam, this study presents novel multi-variable flood loss models for residential buildings and contents and demonstrates their application in a flood risk assessment for the inner city of Can Tho. Cross-validation reveals that decision tree based loss models using the three input variables water depth, flood duration and floor space of building are more appropriate for estimating building and contents loss in comparison with depth-damage functions. The flood risk assessment reveals a median expected annual flood damage to private households of US$3340 thousand for the inner city of Can Tho. This is approximately 2.5% of the total annual income of households in the study area. For damage reduction improved flood risk management is required for the Mekong Delta, based on reliable damage and risk analyses.
Introduction
Due to global change, the frequency and intensity of flood hazards are expected to increase, particularly in coastal areas [1] [2] [3] . Additionally, population growth, rapid socio-economic development, and urbanization increase the exposure and susceptibility to floods in Vietnam [2] . Therefore, flood risk in Vietnam is high [3] . Can Tho City is situated beside the Hau river, a branch of the Mekong, which is only about 80 km from the sea. The city is the economic and cultural center of the Mekong delta and is influenced by tidal floods from the sea, by riverine floods from upstream, and by pluvial floods [4, 5] . In addition, uncontrolled urbanization and a low capacity of the drainage infrastructure further increase the flood risk [6] . For instance, the flood in 2011 inundated about 27,800 houses and caused a loss of US$11.3 million in Can Tho City [7] .
A reliable analysis of flood risk is essential for the development of an efficient and sustainable flood risk management, including investment decisions about flood control measures. One important part of flood risk analysis is flood loss modeling [8] . Many models are developed to estimate flood loss for different sectors of the economy, especially for residential buildings [9] . The available flood loss models are developed following an empirical and/or synthetic approach. The empirical approach uses loss data collected after flood events, while the synthetic approach uses what-if questions to collect data [10] . Both approaches have advantages and disadvantages. A combination of both approaches is useful, e.g., a synthetic model may be used to extend empirical data, or empirical data are used to The topography of Can Tho City is flat with altitudes ranging from 0.6 to 1.2 m above sea level. There are two main rivers, namely Can Tho river and Hau River, and various smaller natural rivers and a dense system of channels [26] . The channel system is connected to the Hau River along the city and it provides fresh water for residential and manufacturing needs as well as waterway transportation through the city. The dike system is low, with the main purpose of protecting agriculture from flooding. The residential buildings are located mostly along the roads or right on the bank of rivers and channels. The topography of Can Tho City is flat with altitudes ranging from 0.6 to 1.2 m above sea level. There are two main rivers, namely Can Tho river and Hau River, and various smaller natural rivers and a dense system of channels [26] . The channel system is connected to the Hau River along the city and it provides fresh water for residential and manufacturing needs as well as waterway transportation through the city. The dike system is low, with the main purpose of protecting agriculture from flooding. The residential buildings are located mostly along the roads or right on the bank of rivers and channels.
Located in tropical and monsoonal climate, Can Tho City has hot and humid weather both in the rainy and dry season. The rainy season lasts from May to November, which provides 90% of the annual rainfall [27] . The dry season lasts from December to April with very low rainfall. Can Tho is about 80 km away from the sea. However, due to flat topography, the city is highly influenced by the tide. The high tide period in Can Tho City is from September to February [28] . Because of its location next to rivers that are influenced by the tide, Can Tho is affected by different types of flood, which often occur from September to November. Deep fluvial floods occur mainly in rural and peri-urban areas. Mixed floods resulting from fluvial, tidal and pluvial floods occur in urban areas, particularly in Ninh Kieu, Binh Thuy, and Cai Rang districts. In addition, floods in Can Tho City are also influenced by urbanization and infrastructure development. The largest recent flood in Can Tho City occurred in This study performs a risk analysis for the most densely urbanized area in Can Tho city, which includes Ninh Kieu district and part of Binh Thuy district.
Data to Develop Loss Models
The development of flood loss models for residential buildings in Can Tho City is based on the empirical dataset that has been compiled from interview results [23, 24] after the flood event of 2011. We use 858 damage cases (both houses with exclusive residential use and houses with small business) to develop flood loss models for residential buildings, and contents. The input data were collected via interviews, which covered the following topics: flood hazard characteristics of the 2011 flood event, flood preparedness, flood warning and emergency measures, flood loss to households and business contents, building structures and losses due to business interruption, risk perceptions, and the business and socio-economic characteristics of the respondents. The building damage was estimated from all damaged single construction parts of the building. Similarly, the contents damage refers to all items stored in the house, including furniture, home appliances, vehicles and electric items that were damaged by the flood. Detailed descriptions of the survey and the data processing were provided in Chinh et al. [23, 24] . The important factors influencing residential flood loss in Can Tho have been analyzed and revealed to be: inundation duration, water depth, building value (or content value), floor space of the building, income and socio-economic status of the household. A detailed description of this multivariate analysis was given in Chinh et al. [24] .
On basis of these results, we use the four most important loss determining parameters to develop flood loss models for residential buildings and contents: inundation duration (d), water depth (wst), building value or content value (bv or cv) and floor space of building (fsb).
Data to Analyze Flood Risk

Flood Hazard Scenarios
The water depth values are taken from flood hazard maps simulated by Apel et al. [5] to analyze flood risk (Figure 2 ). The maps show maximum inundation depths for Can Tho City with median (50%-quantile) maps and associated 5% and 95% quantile maps for each probability level and for fluvial flood, pluvial flood, and combined fluvial-pluvial flood. Maximum inundation depths below 0.02 m are indicated as no inundation. The range of water depth is from 0.02 m to 2 m. For our risk analysis, we increase the threshold for inundation depth from 0.02 to 0.05 m. This is mainly because, according to the interview results, the households with inundation depths below 0.05 m suffered no damage [23] . The water depth for the pluvial flood is normally lower than 0.5 m. The water depth of fluvial flood and the combined fluvial-pluvial flood is lower than 1 m and, in some places, the depth reaches up to 1.5 m. The flood event in 2011 in Can Tho City was very similar to the 0.95 probability scenario in respect to flood extent and water depth. 
Flood Duration Map
Due to complex flood characteristics, including tidal influence, floods last for several days to several months in Can Tho city. As computing capacity for probabilistic flood scenario calculation is 
Due to complex flood characteristics, including tidal influence, floods last for several days to several months in Can Tho city. As computing capacity for probabilistic flood scenario calculation is limited, flood durations could not be calculated by Apel et al. [5] . For this study, we consider duration values of the 2011 flood event for all hazard scenarios.
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Based on duration information provided by interviewed households (Figure 3a) , a triangulated irregular network (TIN) was created in ArcGIS. Flood duration map is generated from TIN by using Inverse Distance Weighting (IDW) interpolation method (Figure 3b) . The values of duration range from 4 to 1040 h (Figure 3b ). (Figure 3a) , a triangulated irregular network (TIN) was created in ArcGIS. Flood duration map is generated from TIN by using Inverse Distance Weighting (IDW) interpolation method (Figure 3b) . The values of duration range from 4 to 1040 h (Figure 3b ). (Figure 3a) , a triangulated irregular network (TIN) was created in ArcGIS. Flood duration map is generated from TIN by using Inverse Distance Weighting (IDW) interpolation method (Figure 3b) . The values of duration range from 4 to 1040 h (Figure 3b ). The map contains information about the base area (perimeter) of all types of houses in the study area. Unfortunately, it lacks information about building use and characteristic of the buildings. To extract residential buildings from this building map, we have used the land use map 2010, provided by the Department of Natural resources and Environment (DONRE) of Can Tho City (Figure 4b ). This map displayed 50 types of land use including urban residential land use.
By using the overlay method in ArcGIS, the residential buildings (red color in Figure 4c ) were extracted from the building map of DLR and the land use map 2010 by DONRE.
The residential map contains about 23,500 houses in the study areas including both residential houses only and houses with small businesses. The map provides information about the house location and base area of the house. Using this information, the floor space of the buildings was calculated based on the base area of the building.
Methods
Development of Flood Loss Models
In order to find suitable loss models for residential buildings and contents, we develop, validate and compare both depth-damage functions and decision-tree based models. Since the most common loss models are depth-damage functions [9, 10] , we use these as a sort of benchmark method for model comparison in our study. To investigate the difference resulting from model structures, we also develop a regression tree with water depth as the only input variable and compare it with the depth-damage-functions. Regression tree-based models are an advancement in flood loss modeling, since they can consider more damage determining variables and capture non-linear behavior of the damage process [18, 19] . Thus, based on the identification of the most important loss determining variables during flooding in Can Tho City [24] , the following models were setup:
• Depth-damage functions are developed by using linear and square root regression methods. Linear function (LR):
Square root function (SRR):
• Four regression tree models are developed: Regression tree with one variable-water depth RT1
Regression tree with two variables-water depth, duration RT2
Regression tree with three variables-water depth, duration, floor space of building RT3:
Regression tree with four variables-water depth, duration, floor space of building, building/content value RT4. For the building loss model, the building value is used as an input variable. For the contents loss model, the contents value is used as an input variable:
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The regression tree based models are developed using the Matlab Statistics Toolbox whose algorithms are based on Breiman et al. (1984) [30] . The tree building algorithm recursively subdivides the predictor data space into smaller regions in order to approximate a nonlinear regression structure. The algorithm searches all possible split values of all predictor variables to identify the split which minimizes the error criterion, i.e., the variance of the response variable (e.g., building loss, or contents loss). We set the minimum number of cases in terminal nodes of the trees to 30. The loss prediction for a specific input is the average of the response variable of all the samples of the training dataset that belong to this terminal node.
The empirical data from interviews in Can Tho City in 2011 (n = 858 observations, Table 1 ) were used to develop and validate the flood loss models. For validation, a leave-one-out cross validation method is applied [19, 31] which uses one observation as the testing (validation) sample and the remaining observations as the training sample and loops in total n times over the observed dataset. The performance of the models, i.e., agreement between the predictions and the observed values is quantified by mean bias error (MBE), mean absolute error (MAE), root mean square error (RMSE) and correlation coefficient [31] . MBE indicates the average bias of the model; MAE provides the average absolute deviation of the modeled values from observed values; and RMSE indicates square root of a variance, and correlation coefficient indicates the relationship between model results and observed losses. A positive MBE signifies an overestimation in the modeled values and a negative MBE shows an underestimation. 
Flood Risk Analysis
Flood risk is defined as the relationship between the consequence and its probability [32, 33] . Probability is the chance of occurrence of a flood event and in this case, the annual non-exceedance probability of the flood scenarios is considered. The consequence presents the impact of the flood such as economic, social or environmental damage: here, we focus on the direct loss to buildings and contents in monetary values. The risk is generally formulated as the following: Risk = (Probability) × (Consequence) Figure 5 shows the risk analysis components for residential buildings and contents of Can Tho city. In Apel et al. [5] , several probabilistic flood hazard maps for Can Tho City were derived for fluvial flood, pluvial flood and combined fluvial-pluvial flood for six return periods: T = 2, 5, 10, 20, 50 and 100 years (p = 0.5; p = 0.8; p = 0.9; p = 0.95; p = 0.98; p = 0.99 respectively). For each probability level, 140 combinations of annual maximum discharge and flood volume and 140 random selections of storm centers were simulated in a Monte Carlo simulation for fluvial flood and pluvial flood, respectively. Then, the combined fluvial and pluvial flood hazard maps were calculated by the 140 fluvial flood scenarios per probability level and adding a synthetic rainstorm event with a random storm center location at the time of the maximum water level of the fluvial scenario boundary. This combination was constructed in the way that the return period of fluvial and pluvial floods is identical (both have the same probability of non-exceedance). The combined floods consider the probability of co-occurrence of the two types of flood (in this study approximately = 0.2). This makes the probability of the occurrence of the combined events to be quite low for all the scenarios. Because of the natural uncertainty of probabilistic inundation simulation, 5, 50, and 95 percentile flood hazard maps were calculated. The median hazard maps show the expected flood hazard of a given probability of occurrence, and the 5% and 95% percentile maps quantify the uncertainty [5] .
The consequence is the potential flood loss for residential buildings and contents in monetary values in prices of the year 2011 in US dollars. Flood losses are calculated by different flood loss models (Equations (1)-(5)) with the input data: water depth maps for each probability level and percentile, duration and floor space of building (see Section 2). Model RT4 (Equation (6)) was not applied for the risk analysis because information on building value and content value are not available.
Expected Annual Damage (EADs)
Expected annual damage (EADs) are defined as the product of the flood damage of the annual probability of exceedance of a given flood event. It can be interpreted as the average annual damage over a very long period of time. According to Apel et al. [5] , for a discrete set of scenarios, i.e., probability levels as used in this study, EADs are formulated as the following:
where ΔP is the increment of the probability of exceedance = Δ(1 − p) with p is the probability of non-exceedance, D is the damage inflicted, i is the the numerator of the probability levels considered, and n is the the number of probability levels. Using a linear interpolation, ΔPi and Di are defined as:
Because of the necessary coincidence of fluvial and pluvial floods in the study area, the EADs for the combined fluvial and pluvial flood risk are not the sum of EAD(fl) and EAD(pl) [34] . Instead, the EADs for the combined fluvial and pluvial flood risk is formulated as the following: Because of the natural uncertainty of probabilistic inundation simulation, 5, 50, and 95 percentile flood hazard maps were calculated. The median hazard maps show the expected flood hazard of a given probability of occurrence, and the 5% and 95% percentile maps quantify the uncertainty [5] .
where ∆P is the increment of the probability of exceedance = ∆(1 − p) with p is the probability of non-exceedance, D is the damage inflicted, i is the the numerator of the probability levels considered, and n is the the number of probability levels. Using a linear interpolation, ∆P i and D i are defined as:
Because of the necessary coincidence of fluvial and pluvial floods in the study area, the EADs for the combined fluvial and pluvial flood risk are not the sum of EAD(fl) and EAD(pl) [34] . Instead, the EADs for the combined fluvial and pluvial flood risk is formulated as the following:
Results and Discussion
Flood Loss Models
Depth-Damage Functions
For calculating flood loss to buildings and contents, two different types of absolute water depth-damage functions are developed, namely a linear function and a square root function. Figure 6 shows the scatter plot between water depth and losses as well as the linear and square root depth-damage functions for building and content damage. The scatter plot shows that the observed building losses are mainly under US$2000 (for 93.2% of the data) and the observed contents losses are mainly under US$500 (for 94.5% of the data).
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Results and Discussion
Flood Loss Models
Depth-Damage Functions
For calculating flood loss to buildings and contents, two different types of absolute water depth-damage functions are developed, namely a linear function and a square root function. Figure 6 shows the scatter plot between water depth and losses as well as the linear and square root depth-damage functions for building and content damage. The scatter plot shows that the observed building losses are mainly under US$2000 (for 93.2% of the data) and the observed contents losses are mainly under US$500 (for 94.5% of the data). The linear depth-damage curve for building losses increases slightly, estimating building losses under US$2000 up to a water depth of 120 cm. When the water depth is lower than 60 cm, the building loss is estimated to be below US$1000. Similarly, the linear depth-damage curve for content losses increases slowly, estimating content losses under US$500 up to a water depth of 120 cm. With water depth lower than 60 cm, the content loss is estimated to be below US$250. Thus, according to the linear loss functions, the content loss is estimated to be one-fourth of the building loss. The linear depth-damage curve for building losses increases slightly, estimating building losses under US$2000 up to a water depth of 120 cm. When the water depth is lower than 60 cm, the building loss is estimated to be below US$1000. Similarly, the linear depth-damage curve for content losses increases slowly, estimating content losses under US$500 up to a water depth of 120 cm. With water depth lower than 60 cm, the content loss is estimated to be below US$250. Thus, according to the linear loss functions, the content loss is estimated to be one-fourth of the building loss. Figure 6 also presents the square-root water depth-damage functions for building and content loss. The estimated losses slightly increase up to a water depth of 80 cm, above that the estimated losses are nearly stable. Square-root depth-damage functions for building and content loss estimate smaller losses in comparison with the estimates of the linear depth-damage functions, particularly for higher water depths.
Regression Trees with Only Water Depth as Predictor-RT1
RT1 for building loss as well as RT1 for contents loss are developed with only water depth as a predictor investigate the difference resulting from model structures in comparison with the depth-damage functions. Exemplarily, RT1 for building losses is shown in Figure 7 . The first split of water depth in RT1 is at 37.5 cm. Among the nodes, the highest water depth is 65 cm, and the lowest water depth node is 9 cm.
are nearly stable. Square-root depth-damage functions for building and content loss estimate smaller losses in comparison with the estimates of the linear depth-damage functions, particularly for higher water depths.
RT1 for building loss as well as RT1 for contents loss are developed with only water depth as a predictor investigate the difference resulting from model structures in comparison with the depthdamage functions. Exemplarily, RT1 for building losses is shown in Figure 7 . The first split of water depth in RT1 is at 37.5 cm. Among the nodes, the highest water depth is 65 cm, and the lowest water depth node is 9 cm. 
Regression Trees with Water Depth and Duration as Predictors-RT2
RT2 for building loss and RT2 for contents loss are developed using inundation duration and water depth as predictors. Exemplarily, RT2 for building loss is shown in Figure 8 . The tree is explained by 87% of duration and 13% of water depth. The first split based on duration in RT2 is at 63.5 h. All four nodes in the left part of the tree after the root node split are water depth, which means that, for a shorter duration (d < 63.5 h), the losses are mainly influenced by water depth. In the right part, water depth node split at 37.5 cm, after that there are three nodes of duration.
Regression Trees with Water Depth, Duration and Floor Space of Building as Predictors-RT3
RT3 for building loss as well as RT3 for contents loss are developed with water depth (wst), duration (d) and floor space of building (fsb) as predictors. RT3 for buildings loss is exemplarily shown in Figure 9 . The relative importance of each predictor is 50%, 35% and 15% for the duration, floor space of building and water depth, respectively. The root split of the tree is floor space of building at 174 m 2 . The buildings with larger floor space are estimated to have a constant flood loss. Regression tree with nine leaves for estimating building loss with water depth (wst) as a predictor (RT1). The left part of the tree indicates the "yes" of the clause at nodes, while the right part of the tree indicates the "no" of the clause at nodes.
Regression Trees with Water Depth and Duration as Predictors-RT2
Regression Trees with Water Depth, Duration and Floor Space of Building as Predictors-RT3
RT3 for building loss as well as RT3 for contents loss are developed with water depth (wst), duration (d) and floor space of building (fsb) as predictors. RT3 for buildings loss is exemplarily shown in Figure 9 . The relative importance of each predictor is 50%, 35% and 15% for the duration, floor space of building and water depth, respectively. The root split of the tree is floor space of building at 174 m 2 . The buildings with larger floor space are estimated to have a constant flood loss. There are only 48 buildings in this floor space class. The second node split by duration is at 102 h. The largest water depth split is at 37.5 cm. There are only 48 buildings in this floor space class. The second node split by duration is at 102 h. The largest water depth split is at 37.5 cm. There are only 48 buildings in this floor space class. The second node split by duration is at 102 h. The largest water depth split is at 37.5 cm. 
Regression Trees with Water Depth, Duration, Floor Space of Building and Building/Contents Value as Predictors-RT4
RT4 for building loss is developed with water depth, duration, floor space of building and building value as predictors. RT4 for contents loss is developed similarly with water depth, duration, floor space of building and contents value as predictors. RT4 for building loss is exemplarily shown in Figure 10 . The root split of the RT4 tree is building value at US$24 thousand. The buildings with larger values are estimated to have a constant flood loss. There are 38 buildings in this building value class. The second node splits by duration at 102 h. For longer duration (d > 102 h), only building value is important for estimating building loss. Water depth has only a small contribution in this tree as there is only one water depth node at 27.5 cm. RT4 for building loss is developed with water depth, duration, floor space of building and building value as predictors. RT4 for contents loss is developed similarly with water depth, duration, floor space of building and contents value as predictors. RT4 for building loss is exemplarily shown in Figure 10 . The root split of the RT4 tree is building value at US$24 thousand. The buildings with larger values are estimated to have a constant flood loss. There are 38 buildings in this building value class. The second node splits by duration at 102 h. For longer duration (d > 102 h), only building value is important for estimating building loss. Water depth has only a small contribution in this tree as there is only one water depth node at 27.5 cm. 
Comparison of Model Performance
The leave-one-out cross-validation method described in Section 3.1 is used to compare the performance of the loss models.
The performance measures of the building loss models (Figure 11) show that the multi-variable loss models, namely RT2, RT3, and RT4, perform better in comparison with the depth-damage functions and RT1. An exception is MBE: the multi-variable models tend to underestimate the loss, which is not the case for the one-variable models. Mean absolute errors range US$500-650. Mean bias errors range US$0-25. In respect to MAE, RMSE, and correlation, RT3 and RT4 perform better than RT2. RT4 has the best performance among all models. However, there is only a small improvement between RT3 and RT4.
For content loss, all models have similar performance in respect to MAE, MBE, and RMSE ( Figure 12 ). However, correlation coefficients of the multi-variable models are clearly better in comparison with the one-variable models. RT3 and RT4 have the highest correlation coefficients, but between RT3 and RT4, correlation coefficients are not much different.
For one-variable building and contents loss models, there is hardly a difference in performance due to model structure. Linear and square-root water depth-damage functions, as well as RT1, show the same or at least very similar performance. Differences in loss models are apparently due to the amount and selection of predictors. This is in accordance with previous studies, which revealed a 
For one-variable building and contents loss models, there is hardly a difference in performance due to model structure. Linear and square-root water depth-damage functions, as well as RT1, show the same or at least very similar performance. Differences in loss models are apparently due to the amount and selection of predictors. This is in accordance with previous studies, which revealed a significant improvement of flood loss modeling when using multivariable models (e.g., Zhai et [18] ). However, one needs to avoid overfitting. Models using (too) many predictors may agree well with the training data, but their prediction ability for independent data is poor. Additionally, more input parameters also introduce additional uncertainty. Thus, when looking for the "best" loss model, one actually looks for a loss model with the best performance and the smallest number of variables (principle of parsimony). Thus, in our study, RT3 seems to be the best model for estimating building loss. For contents loss, RT3 appears most suitable as well, however, since the depth-damage functions perform similarly well, they should be selected due to the principle of parsimony. However, in our flood risk analysis, we applied an ensemble approach to all developed loss models, except RT4 (due to a lack of input data). [18] ). However, one needs to avoid overfitting. Models using (too) many predictors may agree well with the training data, but their prediction ability for independent data is poor. Additionally, more input parameters also introduce additional uncertainty. Thus, when looking for the "best" loss model, one actually looks for a loss model with the best performance and the smallest number of variables (principle of parsimony). Thus, in our study, RT3 seems to be the best model for estimating building loss. For contents loss, RT3 appears most suitable as well, however, since the depth-damage functions perform similarly well, they should be selected due to the principle of parsimony. However, in our flood risk analysis, we applied an ensemble approach to all developed loss models, except RT4 (due to a lack of input data). [18] ). However, one needs to avoid overfitting. Models using (too) many predictors may agree well with the training data, but their prediction ability for independent data is poor. Additionally, more input parameters also introduce additional uncertainty. Thus, when looking for the "best" loss model, one actually looks for a loss model with the best performance and the smallest number of variables (principle of parsimony). Thus, in our study, RT3 seems to be the best model for estimating building loss. For contents loss, RT3 appears most suitable as well, however, since the depth-damage functions perform similarly well, they should be selected due to the principle of parsimony. However, in our flood risk analysis, we applied an ensemble approach to all developed loss models, except RT4 (due to a lack of input data). 
Flood Risk Analysis
The flood risk analysis results in flood risk curves and expected annual damage (EADs) for building and content loss due to fluvial, pluvial and combined fluvial-pluvial floods. The flood risk curves represent damage for building and content of return periods of 2, 5, 10, 20, 50 and 100 years of flood hazards. Expected annual damages represent the average damage over 100 years period.
Both flood risk curves and expected annual damages are calculated for 5%, median (50%) and high 95% quantile maps.
Risk Curves
The risk curves for fluvial, pluvial and combined fluvial-pluvial flood hazard and building and content are represented in Figures 13-15 . For all scenarios and methods, the curve of the mean of building risk and content risk are closest to the linear regression curves. The risk curve of RT1 is lowest, both risk curves resulting from depth-damage functions are in the middle, while risk curves from RT2 and RT3 are highest. Figure 13 shows risk curves for different fluvial flood scenarios and building and content losses. The results indicate that there is a sharp increase of losses with increased probability in all low (5%), median (50%) and high (95%) quantile maps. For the low quantile map at 0.5 probability level, loss results are nearly the same for all models (the range is US$0.4-0.6 million for building loss, and US$0.1-0.2 million for content loss). At 0.99 probability level, the ranges reach up to US$4-6 million for building loss and up to US$1-1.4 million for content loss. This is about 10 times larger than losses at 0.5 probability level. In the median quantile map, the range of losses for the building is US$1-2 million at 0.5 probability level. However, at 0.99 probability level, the loss range is US$6-8.4 million. This is about five times higher than at the 0.5 probability level. In the high quantile map, the range of losses for the building is US$1.5-2.8 million at 0.5 probability level, and US$7.2-11.6 million at 0.99 probability level. The risk curve for building loss with RT2 at 0.99 probability level estimates surprisingly high losses, which is due to many buildings being exposed to water depth larger than 37.5 cm and durations longer than 246 h. 
Flood Risk Analysis
Risk Curves
The risk curves for fluvial, pluvial and combined fluvial-pluvial flood hazard and building and content are represented in Figures 13-15 . For all scenarios and methods, the curve of the mean of building risk and content risk are closest to the linear regression curves. The risk curve of RT1 is lowest, both risk curves resulting from depth-damage functions are in the middle, while risk curves from RT2 and RT3 are highest. Figure 13 shows risk curves for different fluvial flood scenarios and building and content losses. The results indicate that there is a sharp increase of losses with increased probability in all low (5%), median (50%) and high (95%) quantile maps. For the low quantile map at 0.5 probability level, loss results are nearly the same for all models (the range is US$0.4-0.6 million for building loss, and US$0.1-0.2 million for content loss). At 0.99 probability level, the ranges reach up to US$4-6 million for building loss and up to US$1-1.4 million for content loss. This is about 10 times larger than losses at 0.5 probability level. In the median quantile map, the range of losses for the building is US$1-2 million at 0.5 probability level. However, at 0.99 probability level, the loss range is US$6-8.4 million. This is about five times higher than at the 0.5 probability level. In the high quantile map, the range of losses for the building is US$1.5-2.8 million at 0.5 probability level, and US$7.2-11.6 million at 0.99 probability level. The risk curve for building loss with RT2 at 0.99 probability level estimates surprisingly high losses, which is due to many buildings being exposed to water depth larger than 37.5 cm and durations longer than 246 h. The risk curves for pluvial flood scenarios are shown in Figure 14 . The curves increase slightly by about 50% from 0.5 to 0.99 probability level in high quantile map. The risk curves increase considerably, from nearly no losses at 0.5 probability level to US$3-5 million at 0.99 probability level for 5% quantile map. In the median quantile map, the risk curves increase from a range US$0.7-1.7 million at 0.5 probability to a range US$2.7-5 million at 0.99 probability level. It reflects that small rainfall causes no damage, whereas a large amount of rainfall causes significant damage up to a certain threshold, and then losses increase very slowly. The risk curves for pluvial flood scenarios are shown in Figure 14 . The curves increase slightly by about 50% from 0.5 to 0.99 probability level in high quantile map. The risk curves increase considerably, from nearly no losses at 0.5 probability level to US$3-5 million at 0.99 probability level for 5% quantile map. In the median quantile map, the risk curves increase from a range US$0.7-1.7 million at 0.5 probability to a range US$2.7-5 million at 0.99 probability level. It reflects that small rainfall causes no damage, whereas a large amount of rainfall causes significant damage up to a certain threshold, and then losses increase very slowly. The risk curves for pluvial flood scenarios are shown in Figure 14 . The curves increase slightly by about 50% from 0.5 to 0.99 probability level in high quantile map. The risk curves increase considerably, from nearly no losses at 0.5 probability level to US$3-5 million at 0.99 probability level for 5% quantile map. In the median quantile map, the risk curves increase from a range US$0.7-1.7 million at 0.5 probability to a range US$2.7-5 million at 0.99 probability level. It reflects that small rainfall causes no damage, whereas a large amount of rainfall causes significant damage up to a certain threshold, and then losses increase very slowly. Figure 15 shows the risk curves of combined pluvial-fluvial flood scenarios and building and content losses. The trend of these curves is similar to risk curves of the fluvial flood. The influence of pluvial flood is apparent at probability 0.75 in the 95% quantile map. The curves start at range US$3.5-5.8 million, which is higher than the curves of fluvial flood scenarios with probability 0.5 and 95% quantile map (range US$1.5-2.8 million).
Water 2017, 9, 313 17 of 22 Figure 15 shows the risk curves of combined pluvial-fluvial flood scenarios and building and content losses. The trend of these curves is similar to risk curves of the fluvial flood. The influence of pluvial flood is apparent at probability 0.75 in the 95% quantile map. The curves start at range US$3.5-5.8 million, which is higher than the curves of fluvial flood scenarios with probability 0.5 and 95% quantile map (range US$1.5-2.8 million). The median quantile maps represent the expected flood risk at a given probability of occurrence, while the 5% and 95% quantile maps quantify the uncertainty. In order to evaluate the uncertainty in risk curves due to the hazard uncertainty, we calculate the mean absolute difference of risk estimation between the 5%/95% and the 50% quantile maps in the percentage of all models and for each probability level (Table 2 ). In order to evaluate the uncertainty in risk curves due to the flood loss modeling, we calculate the mean absolute difference in the percentage of risk estimation between the min/max loss values and mean loss value of all models and median quantile maps for each probability (Table 2 ). The median quantile maps represent the expected flood risk at a given probability of occurrence, while the 5% and 95% quantile maps quantify the uncertainty. In order to evaluate the uncertainty in risk curves due to the hazard uncertainty, we calculate the mean absolute difference of risk estimation between the 5%/95% and the 50% quantile maps in the percentage of all models and for each probability level (Table 2 ). In order to evaluate the uncertainty in risk curves due to the flood loss modeling, we calculate the mean absolute difference in the percentage of risk estimation between the min/max loss values and mean loss value of all models and median quantile maps for each probability (Table 2) . Table 2 . Uncertainty of risk curves due to uncertainty in hazard maps and flood loss modeling.
Flood Hazard Maps
to loss model uncertainty for fluvial flood hazard is on average 22%, for pluvial flood hazard is on average 39% and for combined fluvial-pluvial flood hazard is on average 26%. Thus, uncertainty due to hazard modeling is nearly double as high as uncertainty due to damage modeling. The combined uncertainty due to hazard and damage modeling ranges between an average of 60% for fluvial floods and 112% for pluvial floods. 
Conclusions
The development and validation of loss models for private households in Can Tho City reveal that multi-variable models outperform depth-damage functions, especially for residential building loss. Damage processes due to the specific flood characteristics in the Mekong delta, where inundation duration and building characteristics are more important than water depth for determining the resulting loss [21] , can be better described by loss models which consider some of these variables. The regression tree based loss model RT3 with the three predictors water depth, inundation duration and floor space of the building is recommended for building loss estimation, since it represents the best compromise between model performance and model complexity. For contents loss estimation the model performances for both RT3 and depth-damage functions are similar. In the flood risk analysis, we applied an ensemble approach using two depth-damage functions and three decision-tree based loss models, to capture uncertainty due to loss modeling.
Building value is considered as an important parameter for flood damage modeling [24] . However, systematic data for building value are not available in many parts of the developing world. Our analysis for Can Tho City suggests that damage estimation with three parameters (water depth, inundation duration and floor space of building) is valid even without considering building value as additional model input.
The risk analysis for the inner city of Can Tho reveals the risk curves and expected annual damage for fluvial, pluvial and combined fluvial-pluvial floods. The uncertainty of risk estimates is high. The average mean difference in EADs for combined fluvial-pluvial floods for total loss reaches 79%. Uncertainty due to hazard modeling is nearly twice as high as uncertainty due to damage modeling. This shows, on the one hand, the high importance of uncertainty quantification by means of probabilistic or ensemble approaches, and, on the other hand, stresses the need for more research to better understand risk processes in complex situations such as the Mekong Delta as well as for improved models and approaches.
The expected annual damage to residential buildings and contents for the inner urban area of Can Tho City is about US$3340 thousand, which is about 2.5% of the total annual income of all households in the study area. This is a quite large fraction, stressing the importance of improving flood risk management in the Mekong Delta. Risk analyses are essential for decision makers in planning efficient flood risk management.
